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Abstract. Modern Biownformatics data sources are widely used by molecular biologists for homology searching and new
drug discovery. User-friendly and yet responsive access is one of the most desirable properties for integrated access to the
rapidly growing, heterogeneous, and distributed collection of data sources. The increasing volume and diversity of digital
information related to bioinformatics (such as genomes, protein sequences, protein structures, etc.) have led to a growing
problem that conventionel data management systems do not have, namely finding which information sources out of many
candidate choices are the most relevant and most accessible to answer a given user query. We refer to this problem as
the query routing problem. In this paper we introduce the notation and issues of query routing, and present a practical
solution for designing a scalable query routing system based on multi-level progressive pruning strategies. The key idea is
to create and maintain source-capability profiles independently, and to provide algorithms that can dynamically discover
relevant information sources for a given query through the smart use of source profiles. Compared to the keyword-based
indezing techniques adopted in most of the search engines and software, our approach offers fine-granularity of interest
matching, thus it is more powerful and effective for handling queries with complez conditions.

Keywords. Bioinformatics data sources, Data Integration, Data Analysis, Data Access, Life Science Applications,
Molecular Biology Databases, Query Routing.

1 Introduction

Huge and growing amount of bioinformatics data that reside in specialized databases today, are accessible over
the Internet. most of them with limited query piocessing capabilities. The Molecular Biology Database Collec-
tion [Baxevanis. 2000. Goble et al.. 2001]. for example, currently holds over 500 data sources. not even including
many tools that analyze the information contained therein. The most popular resources including those con-
cerned with protein sequences (such as SWISS-PROT. an annotated protein sequence database, and PIR, the
Protein Information Resource). protein structure (such as PDB, the Protein Data Bank). genome data (such as
AceDB. a Cuenorhabditis elegans database). DNA (deoxyribonucleic acid) sequences (such as EMBL. the Euro-
pean Molecular Biology Laboratory and Gen Bank), motifs (such as PROSITE. a database of protein families and
domains, and PRINTS. a compendium of protein fingerprints), and sequence matching (such as BLAST (Basic
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Local Alignment Search Tool) searches, available at several sites such as NCBI, EMBL, KEGG, DBJJ, and so
forth).

It is widely 1ecognized that Bioinformatics data sources are extremely helpful in assisting molecular biologists,
geneticists, and biochemists to understand the biochemical function, chemical structure, and evolutionary history
of organisms, and more importantly to use information collected or generated about human genome, such as
protein sequences. DNA sequences, protein structure, chemical compounds, to design drugs to prevent and cure
disease.

Bioinformatics data sources over the Internet have a wide range of query processing capabilities. Most Web-
based sources allow only limited types of selection queries. Data froin one source often must be combined with data
from other sources to give scientists the information they need. Several data integration systems [Haas et al., 2001.
Goble et al.. 2001, McGinnis. 1998, Siepel et al., 2001, Davidson et al., 1999] have been created to provide users
with integrated access and a single point of contact to multiple, heterogeneous bioinformatics data sources. One
of the critical challenges for providing integrated access to bioinformatics data sources is the problem of effectively
locating the 1ight information from the right data sources and incorporating newly added capabilities or data
sources in answering queries. More concretely. it is widely obseived that not all the bioinformatics data sources
can contribute to a query at any given time. Thus. it is important to route a query to only those data sources
that are capable of answering the query. We refer to this problemn as the query routing problem [Liu. 1999].

Query rouling is a process of directing user queries to appropriate servers by constraining the search space
through query refinement and source selection. Concretely, effective query routing not only 1educes the query
1espouse time and the overall processing cost. but also eliminates a lot of unnecessary communication overhead
over the global networks and over the individual information sources.

Query routing is of particular importance to large-scale bioinformatics query systems for a number of reasons.
First. popular ounline systems for searching life sciences data (such as genomic data sources) match queries to
answers by comparing a query to each of the sequences in the data source. Efficiency in such exhaustive systems
is crucial since some servers process over 40,000 queries per day [McGinnis, 1998]. Furthermore resolution of each
query often requires comparison to over one gigabyte of genomic sequence data. While exhaustive systems are
practical at present. they aie becoming prohibitively expensive. even with database indexing techniques. Second.
different bioinformatics data sources in differing formats have been set up to support different aspects of genomics.
proteomics. and the drug design process. Some of these sources are huge and growing rapidly. Statistics show
that bioinformatics data souices are now doubling in size every 15-16 months. and the number of users and the
query rates aie growing as well [Huyn. 2001]. Third but not last, there are giowing demands for answering simple
key-word or string matching based queries with comprehensive categories of information. For instance, cancer
researchers may expect to use an integrated bioinformatics query systemn to help identify genes that 1espond
to low-doses of radiation. This problem is difficult because the information required by the scientists is spread
across many independent. Web-based data sources, each using their own query interfaces with their own data
formats and limited query processing capabilities. How to locate the relevant data sources that are capable of
answering a query is critical to the performance of any integrated query system for transparent access to multiple
bioinformatics data sources.

Surprisingly. most existing bioinformatics data integration systems [Critchlow et al.. 2000, Davidson et al., 1999.
Haas et al., 2001. Markowitz et al., 1999. Goble et al.. 2001. Siepel et al., 2001] do not provide the support for
query routing even though some of them offer sophisticated query optimizations. Queries may be routed to data
sources thai are irrelevant or cannot contribute to the answeirs. As a result, not only is the respouse of queries
delayed but also the throughput of the data serveis is affected, not mentioning the additional network traffics
incurred. In this paper we first present an overview of BioZoom and show how it can be used to integrate access
to bioinformatics data from heterogeneous data sources. Then we introduce the BioZoom source-profile based
query routing scheme. including the use of source-capability profiles to capture diverse and limited source content
and query capabilities. and the multi-level progressive pruning algorithm for locating relevant data sources in
answering queries from a large and growing collection of sources. To illumninate our discussion, we sketch several
research scenarios that substantiate the need for cross-source queries and query routing based optimization. The
main contribution of the paper is the concept of source-capability based query routing and its multi-level progres-
sive pruning strategy for selecting the most relevant data sources in answering a bioinformatics query. We also




report the first prototype development effort and our initial experimental result for the query routing algorithm.

2 BioZoom: An Overview

BioZoom is a bioinformatics data integration system that provides a single coherent framework for integrated
access to a large. distributed collection of bioinformatics information providers. Before introducing the BioZoom
query routing scheme. we first briefly overview the BioZoom system architecture and understand how the source-
capability information is collected, and how BioZoom supports integrated access to multiple heterogeneous data
sources. Figure 1 presents a sketch of BioZoom architecrure.
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Let us walk through the system architecture with an example of a simple genomic analysis task. To examine
a DNA sequence in alignment with similar sequences from blast data sources. a scientist must use different tools
with three different interfaces and convert the output from each one to a format acceptable to the next. More
concretely. the scientist may start with a DNA sequence in a text file, then cut and paste the DNA sequence
text into the search interface of a Blast data source. say NCBI Blast. to performn a search for similar sequences.
The scientist would need to save results and extracts sequence identifiers of best matches manually and feed the
sequence identifiers into another Web-based data source. say PDB Blast. to retrieve full-length sequence text of
best matches. Again the scientist needs to save results and converts format in order to use a command-line tool
to create a multiple sequence alignment [Siepel ef al.. 2001].

Using BioZoom. the scientist first needs to enter the DNA sequence as the search keyword and select the output
options such as generate a multiple sequence alignment using the best matches of similar sequences. Once the
client manager parses the query. The level-one query routing will identify the types of candidate data sources
needed to answer this query. The level-two routing will prune the set of candidate data sources based on their
query capabilities. The adaptive query scheduler generates corresponding subqueries to data sources selected by
the first two levels of routing. and defines the ordering (schedule) of executing subqueries. The level-three routing
collects the types of dynamic information needed for relevance reasoning and perform further irrelevance pruning
at runtime. The results returned from selected data sources by the BioZoom runtime system will feed into the
result filtering and packaging module to perform the final stage of query fusion. The fused query results will be
returned to the scientist on the scieen or delivered in a file. The souice capability profile generator is used to infer




the source capability information from the source profiles created by the Bio Crawlers, which are Web robots that
traverse the Web and look for interesting bioinformatics data sources and extract their query capabilities.

3 Source-Capability Based Query Routing

We begin by introducing a motivating example and a predicate metadata model in which user queries, user query
profiles, and source profiles are captured. Then we present the design of our query routing algorithms.

3.1 The Motivating Example

Bioinformatics sources available over the Internet have diverse and yet limited query processing capabilities.
Most information servers, where data actually reside (such as PDB, NCBI, EMBL), only support limited types of
selection or similarity queries. This introduces some interesting query processing challenges as illustrated below.

Example 1. Counsider a pharmaceutical researcher who wants to 1esearch drugs to combat HIV. To understand
the approach the researcher may take to combat this virus, it is important to understand how the virus works.

The HIV virus itself is composed of two RNA strands encased in a protein envelope. The viral envelope has
2 proteins. named gpl20 and gp4l. The gpl20 binds to CD4, a receptor protein on a type of white blood cell.
called CD4+ T cells. The gp4l then causes the fusion of the HIV with the T cell. After the virus has merged
with a cell. the viral RNA is inserted into the cytoplasm of the cell. Each virus particle has 2 copies of an RNA
genome. which are transcribed into DNA in the infected cell and integrated into the host cell chromosome with
the help of an enzyme called reverse transcriptase. The viial RNA copies itself into the DNA of the cell. causing
the cell to produce more of the viral RNA. The RNA transcripts produced from the integrated viral DNA serve
both as mRNA to direct the synthesis of the viral proteins and later as the RNA genomes of new viral particles.
which escape from the cell by budding from the plasma membrane. each in its own membrane envelope. For more
details on how HIV operates. see (http://www.niaid.nih.gov /factsheets/howhiv.hti).

Oue possible solution is to use drugs to prevent the virus from attaching to receptors on cells so that other
white blood cells. called killer T cells. can recognize. ingest. and destroy the viral package before it has a chance
to infect a new cell. There are many ways of developing such drugs. One common method is experimental; the
process is to physically test a compound against a sample of the virus or of a protein that the virus binds to.
This process may be labor intensive. In addition. choosing a compound to test is quite difficult because most
pharmaceutical companies have a catalogue of several million compounds making an exhaustive search extremely
slow, tedious. and error-prone. Another way to develop diugs is search properties of known compounds for
promising candidates. There are several techniques that are relevant here. First, a researcher may find all related
proteins to a protein that is known to be involved in a disease process, such as gp120. or CD4. Second. a researcher
may want to find all drug compounds that are similar to a drug that affects the protein they are interested in
(for example. a reverse transcriptase inhibitor or a drug that inhibits the binding of gpl120 to CD4). A third
technique is to analytically determine the effect of a drug compound on the protein and the related proteins.
Some efforts have been made in modeling how chemical compounds affect a protein based on a computational
model of the chemical and protein as well as with comparisons with known interactions between the protein and
a similar chemical. or between the chemical and a similar protein.

Consider the example query. First. a researcher may use PDB to find the structure for CD4. gp120. or gp4dl.
Then the researcher may wish to find similar proteins to compare structure. function. or related research. To
do this, he needs to take the sequence encoding of the proteins discussed above. such as gpl20. translate the
sequence given by PDB into a sequence suitable for searching other data sources. Such a translation is often done
by replacing amino acid names with their single letter encoding. Then he takes this sequence and submits it to
multiple similarity matching sources. Examples include NCBI's BLAST tool — blastp. or oune of its many mirror
sites and other BLAST sites that are not strict mirrors of NCBI. such as ENBL, DBJJ. or KEGG. The blast
searches will list proteins similar to the one submitted, as well as how the amino acid sequence aligns with each
of the similar proteins. Finally. all of the relevant publications, in a literature databases such as PubMled. for the




similar proteins will be gathered. Now the researcher enters the drug design step. First, he needs to understand
how chemical compounds can affect the proteins identified. The goal here is to find a chemical that will inhibit
gp120 from binding with the CD4 receptor, while minimizing the interference with regular cellular function.

Pharmaceutical companies usually maintain a list of chemical compounds with on the order of a million
entries. Through mathematical modeling. how each compound interacts with the physical structure of each
protein identified with the function of HIV can be predicted (with varying degrees of success). Studies of how the
chemical has affected the function of similar proteins is another way of predicting how the chemical will interact
of a protein. We can express a query searching for the proteins identified above as well as all similar proteins as
similar(1,{ keyword = *HIV” A(protein="gp120” V protein="gp4{1” V protein="CD/"}). This search is fairly
complex and cannot be processed by any known source in one-stop. Thus. to process this query. our system
needs to break down the end-user query into source-specific queries that are executable at individual sites, such
as NCBI. PDB, or EMBL. One possible plan is to break the query into the following series of queries. (1) Query
PDB: (keyword = "HIV” A (protein="gp120” V protein="gp41” V protein="CD4”). obtaining the structure of
these known proteins; (2) For any protein » from the result of (1), convert r into a piotein sequence rs; (3) at
NCBI execute a BLAST query for each rg; (4) filter out all results that are not with-in a similarity of 1, as defined
by the BLAST similarity measure.

Through this example. we observe two interesting facts. First. the extraction and use of the PDB and NCBI
source profiles plays a critical role in routing the query to these relevant data sources. Second, even simple selection
queries against a single data source across the Internet may have more complications due to the source-specific
content and its limited query capability. The situation becomes more sophisticated when we have queries over
multiple distributed data sources that are heterogeneous in both information content and their query capabilities.

3.2 The Metadata Description Model

The metadata description model is designed to be an object relational model. It uses the relational model as the
basis and is augmented with essential object-oriented features that are useful for describing and reasoning about
the scopes of user queries and the contents and query capabilities of information sources. Typical components
of the metadata model are classes, a set of (simple or composite) attributes associated with each class, a class
hierarchy described by a subclass-superclass partial order. In order to model relations and classes uniformly, we
use a unary relation to describe each class and a binary relation to describe each attribute.

We model queries with select. project. join. and union operations and the built-in comparison predicates such as
<. <, = and #. We assume set semantics for queries. For convenience of our analysis. we consider only conjunctive
queries. A conjunctive query @ consists of a head predicate with arguments. denoting the result template. and
a body. representing a binding pattern [Rajarman et al., 1995] of Q. The arguments of the predicate that are
provided as input parameters of the query are expected to be bound. The arguments of the predicate that aie
produced as outputs of the query are free variables. We use lower case letters for variable names and uppercase
letters with bars to denote tuples of variables and constants. Formally. a conjunctive query is of the form:

QXY : = CL(T1)s s Cr(Y): Fo

where Q(f) is the head. Y C Uicicm Y,. and the rest is the body. C) (}_';). ....C’,,,(l:,) are called non built-in
atoms in the body. and C|..... C,, are names of classes or attributes used in Q; m is the number of non built-in
atoms in the body and is called the length of the conjunctive query Q. Fg is a conjunction of built-in comparison
atoms of the form afv. ¢ € U, <, ).;,. v is a constant value. If a is numeric attribute. § € {<. <.>.>};
otherwise 6 denotes a string matching predicate. i.e.. § € {=, CONTAINS} (precise or partial matching). We
describe a conjunctive query Q by a quadruple (Qfrom- @in: Qout- Qeona) Where Qs o, is the set of virtual types
used in Q. Q,, is the set of input arguments. Q. is the set of output arguments. and Qcona is the conjunction
of comparison atoms.

A user may pose queries on the fly (without using any pre-defined views or classes). For each user query
and the result patteins. we create a set of virtual object lypes as its result place holder. which describes all the



arguments used in the query, including the classes or relations, the data types, the domain constraints, and the
usage (i.e., as input or output parameter) of the arguments.

Example 2. Counsider online BLAST search sites (sources) for protein sequence similarity, such as NCBI.
Suppose we want to search for a similar protein sequence, pirotein structure. and related research to the protein
gp120, published in 2001 to better gauge the effects of a new drug. We may express the query Q: find similar
protein sequence, protein structure, and related research, for gpl20 where publication year = 2001 as a conjunctive
query of the following form:

query(sq, st,a,t,j) :— Protein(p), Literature(m),
sequence(p, sq), structure(p, st), author(m, a),
year(m,y), title(m, s), journal(m,t),
y = 2001 A SiMILAR(p, ‘gpl20°).

query(sq, st,a.t. j) is the head of the query, and its arguments protein sequence p, structure s, author a, title
t, journal j are its distinguished variables. In terms of relational SQL. the distinguished variables of the query
correspond to attributes appearing in the SELECT clause. The rest are atormns of the body of the query. and are the
bounding pattern of the query. Note that the equality predicates in the WHERE clause are represented by equating
variables in different atoms of a conjunctive query. The following is the internal representation of this conjunctive
query:

Qfrom = {Protein(p), Literature(m)},

Q:n = {sequence(p,‘gp120°’), year(m, 2001)},

Qout = {sequence(p, sq), structure(p, st),author(m,a), title(m,t), journal(m, j)},
Qcond = {BL‘4ST(SQ,‘SP120’), y= 200]_}

The researcher who poses the query does not need to be aware of what infoimation sources are currently
available and which data schemas or pre-defined views should be used to access them. The data independence as
such allows the query routing to incorporate newly added information sources seamlessly into the system without
affecting the way how queries are posed and how answers are delivered. thus higher scalability is achieved.
especially when the collection of information sources available is large and frequently changing.

Before we show how the query is routed to the most relevant data sources. we first introduce the concept of
source-capability profiles. which play a critical role in pruning irrelevant data sources.

3.3 The Source Capability Profile

A source capability profile tells what is in an information source (content description) and what types of services
(capability description) are provided about its content. It contains not only the content and query capability
description but also statistics on the local data (e.g.. size of relations). availability of the source with respect to the
access cost and access authorization. as well as update frequency and capabilities of the source. In addition, each
source may export information about itself by giving values to a list of meta attributes such as FieldSupported
(list of optional fields), Linkage(the URL where the source should be queried). ContentSummaryLinkage (the
URL of the content summary of the source). In this section we will focus only on the source category. content,
and query capability descriptions. since they are the essential components of the source profile and are used
extensively in each step of the query routing process.

The category and content description of an information source describes what is in the information source.
The content description of an information source tells us what types of objects are in the source. The category
description tells us what type of domain the source data are used for and the IsA categorization of the source. The
source category description often contains informnation that can be used to verify an input (selection) condition
or fill in an output parameter of a query. We model the contents of an information source in terms of the object
types and the object access constraints that the source objects must satisfy. Each source object type is described
by a unary relation. Each access constraint is described using a conjunction of built-in comparison atoms of the
formm afv where a is an attribute of a source type and v is a constant drawn from a domain that is compatible to



the domain of a. Formally, given a source S containing k object types, the content description of S is described by
a set of content records: {(R1(31),IC1), (R2(32),IC5) ..., (R:(}1),ICy)}, where R, (i =1,....1) are object types
and IC, (i = 1,.... k) are access constraints over the object type R,. We may view a source content description
as a collection of views defined over the source. Each R; describes one type of source object. Every object in R;
satisfies the insertion constraint IC,.

The query capability description of an information source tells which types of queries the source can answer
about its content. We model the query capabilities of an information source S using capability records, each
is denoted by (S;,. Sout- Scond)- Sin denotes the set of permissible input arguments. S,,; denotes the set of
permissible output arguments. S.,,q4 denotes the logical constraint (A or V) on the mandatory input arguments.

In summary, we denote each information source by a triplet (Scat.Sent- Sqpe) Whete Sqo; denotes the text
description of the category of the source, S.,: is a set of source relations, each may be associated with some
access constraints, i.e.. (R,(}_:,),I C)). Sgpa denotes a set of query capability descriptions. each is of the form
(Sin: Sout- Scond) (see Figure 4).

Counsider the query in Example 2. Suppose we have extracted and collected the source profiles of the information
servers as shown in Figure 4. among many others. Using the user query profile and the source profiles. we may
conclude. without running the query, that some of the sources are obviously not, contributing to the answer of Q.
For instance. we can immediately determine that Sources 7. 8. and 9 are not relevant to this query. because they
are focused on Motif searches and not protein sequence similarity. We can also conclude that Sources 4, 6, 10 are
not able to contribute to the answer of Q. However, the reasoning here is more subtle. We are interested only in
articles that are published in 2001. However. Source 6 only has articles published before 1965. Source 4 requires
a file input format that is not available from the known output of any of the sources. and Source 10 only provies
book information. Thus. we are left with sources 1. 2. 3. and 5. The mechanism used in making such routing
decision will be described in Section 3.4.

How to obtain a source profile? There are several ways that a source may export its content and capability
description. One possible way is to publish the contents and capabilities of an information source and let others
subscribe. Another way is to write a robot that can extract the list of source content, and capability sumnnaries from
the resources periodically. An example of such 10bots is the Harvest 10bots (http://www.harvest.transac.com).
It is also possible to make the sources export their content and capability profiles only available to a specific
system through a customized registration process. Furthermore. no restriction should be set on the format in
which a source exports or publishes its contents and capability. It can be simple text files or stiuctured files or
directories. A typical example is the ZDSR for Z39.50 profile (used for simple Distributed Search and Ranked
Retrieval) [Gravano et al.. 1997].

3.4 Query Routing: The Main Steps

We have stated that the ultimate goal of query routing is to constrain the search space for a query over a large
collection of available information sources by reducing the overhead of contacting the information sources that
do not contribute to the query answer.

Given a user query Q. a user query profile of Q. and a set of source content and capability descriptions. we
design the query routing service as a two-phase process. At the query refinement phase. mechanisins are applied
to refine the original query into a well focused query. aiming at reducing the false positives in the query result
set and enhancing the quality and the degree of accuracy of the results produced from source selection. We have
discussed a number of query refinement mechanisins in Section 2.2 and illustrated the user-query-profile based
query refinement in Section 3.2. In this section. we concentrate on the second-phase of the query routing task
— source selection and its three-step pruning process. We omit the detailed algorithins used in each of the three
steps. due to the space restriction. and refer 1eaders to [Liu. 1997] for further discussion.

Step 1: Level-one relevance pruning.

This step serves as the first-round selection which discovers the candidate information sources whose content
descriptions are in some ways related to the scope of a query @ (e.g.. in terms of substring matching or in concept
similarity).



Other factors such as unavailability of the sources or affordability of the sources should be considered at this
step too. For level-one relevance pruning we use the user query scope description of @ and the content and
category description of the sources. We call the set of sources selected by this step as target information sources
of level-one relevance.

Source profiles that are redundant (covering the same information from the same source) are also removed at
this stage. Redundant profiles can be caused by many factors. For example, multiple people may enter a source
profile for the same source or robots which automatically scan for sources may enter duplicates into the routing
table due to differences between what is already there and the automatically extracted source profile. This type
of artificial redundancy can be pruned early in the routing process without loss of information in the query result.

Consider Example 2 query, level-one relevance pruning will prune the information sources whose contents are
not 1elevant to biomedical literature, protein sequence structure, or protein sequence similarity. based on the list
of source profile descriptions in Figure 4, among many others. It will find that sources 7. 8, and 9 are not relevant
to the query answer.

Step 2: Level-two relevance pruning.
This step prunes the information sources that have level-one relevance but do not offer enough query capability
to contribute to the answer of (). The decision is made based on the input and output arguments of @, the user
query profile of Q. and the query capability descriptions of the sources. The user query capacity description of Q
and the source profiles are used in the level-two relevance pruning. We call the set of sources selected by Step 2
as targel information sources of level two relevance.

The process for level-two relevance pruning has two phases. In the first phase we prune the information sources
(1) that have no input or output arguments, which are 1elevant to the arguments used in the user query, or (2)
that have conflict with the interest of the user query (such as the query selection conditions do not match the
access constraints of the sources). or (3) that have arguments corresponding to the mandatory input parameters
of the user query but these arguments can only be used as input and are not included in the list of output
arguments of the sources. The information sources selected in the first phase will be passed to the second phase
where more sophisticated pruning is conducted in the process of generating an executable plan of the query. For
example. the following two additional cases are handled: (4) We prune the information sources (say S;) whose
output capability are not enough to satisfy the input requirement of the other sources (say S;) when an inter-site
join from S, to S, is required. (5) We also prune those information sources whose mandatory input requirement
is higher than the input arguments that the user query provides. and there are no other information sources
executed earlier which would have enough output capability to complement such requirement.

The main difference between the two phases is the following: In the first phase we only check the obvious
capability mismatches between the user query capacity description and each individual information source that
cannot be complemented through uvsing inter-site joins. such as those in cases (1). (2) and (3). whereas in the
second phase. we further prune the information sources which cannot match the input requirements of a user query
even through utilization of inter-site join with other possible sources. The first phase of the level-two relevance
pruning considerably reduces the number of possibilities considered in generating executable query plans.

Consider Example 2 query. level-two relevance pruning will further prune away Sources 4. 6. and 10 because
they are incapable of contributing to the query answer due to the restriction on the scope of query interest (e.g..
Source 10 is a bookstore not an technical article source or protein database). or the counstraints on the list of
mandatory input or output argumments of the sources (e.g.. Source 4 requires a file input). or the conflict of query
interest with the access constraints associated with the sources (e.g.. Source 6 only provides citations for articles
published before 1965. whereas the query is interested in only articles published in 2001).

Step 3: Level-three relevance pruning.

At this step. mirrored or replicated sources are detected and removed. This step is delayed until last to allow for
the greatest flexibility in choosing the most performant source for a particular query.

In general. multiple sources with redundant information cannot be automatically detected. There aie at least
three cases wheie souices could have redundant information: Fiist. there can be complete overlap, as in the case
of replication or mirroring of data. Second. there can be overlap of content data between two sources. but the
metadata used to describe the content is different (e.g. different table names. or different column names). Third,




the metadata used to describe the content is the same, but the actual content is not identical. For example,
two databases that catalog a particular genome may have the same structure but contain data on different parts
of the same genome. The problems associated with the second and third cases can be partially overcome with
feedback from users or annotation of source profiles.

Mirroring and replication has advantages and disadvantages. It is a problem if each source is queried and
redundant data is returned to the user. It is a waste of system resources to request equivalent information from
multiple sites, and it is a burden on the client or user to sift through equivalent data items in the result set.
However, replication can also be leveraged for greater system performance and reliability. In our sample source
profile table (Figure 4), two sources list several mirror sites, PDB and NCBI. Mirror sites are additional source
profiles with an additional annotation that links them to a base source profile; base source profiles in turn have
links to source profiles of known mirrors. Each source profile contains a function that predicts the response time
of a query to the source. This allows the routing algorithmm to choose a mirror with the shortest expected response
time and prune all equivalent sources on a query-by-query basis.

A prototype of the BioZoom query routing subsystemn is currently under testing. Figure 2 shows an example

run of the first and second level routing, the query scheduling. and query execution in the first prototype of
BioZoom.
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Figure 2: An Example Run of Query Routing and Execution in BioZoom

The source capability profiles used in this version is generated manually. We are working on building the first
version of the Bio Crawlers by extending XWRAP Elite toolkit [Liu et al., 2000]. The source capability profiles
are inferred based on the source information collected by the Bio crawlers.

3.5 Initial Experiments

We report two experimental results in this paper. All routing measurements were taken on a Sun E450 server,
with 4 400-MHz UltraSPARC-II processors, and 1 GB of RAM running Solaris 7. The software was implemented
in Java and run on the Java HotSpot Client virtual machine (build 1.3.0, mixed mode). Each experiment was run
20 times and the results were averaged to mitigate the impact of start-up costs such as just-in-time compilation
of methods. and other execution anomalies such as garbage collection.




The essence of routing is to determine the relevance of a source to a particular query. There are two typical
ways in which a data source is measured for relevance: content relevance and source capability relevance. Content
relevance is often determined by keyword relevance ranking. Source-capability relevance selects sources that have
the capability to answer the queries.
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Figure 3: Performance Gains From Routing

In the first experiment. we vary the percentage of sources that are categorically relevant and completely 1elevant
at the schema level. The first figure on the left side of Figure 3 shows the execution time required for querying
between 20-1000 sources. where 30% to 40% of sources are iirelevant and ten threads are used to retrieve data
in parallel. Obviously. query fusion for integrated access without routing performs the worst. Query fusion with
level two routing performs better than query fusion with only level-one routing. Note that in our routing scheme.
level two routing is built on top of level one routing results.

In the second experiment shown on the right side of Figure 3. it demonstrates that arbitraiily increasing the
number of threads servicing a single query suffers from the law of diminishing returns. Using 20 threads rather
than 10. execution time without routing is nearly halved. However. using 70 threads is only 14% faster than
using 60 threads. This is even more pronounced when routing is used. because when the number of selected data
sources is below 60. adding additional threads will not speed up the process.

4 Related Work and Conclusion

The very nature of scientific research and discovery leads to the continuous creation of information that is new in
content or representation or both. Despite the efforts to fit molecular biology information into standard formats
and repositories such as the PDB (Protein Data Bank) and NCBI. the number of databases and their content
have been growing. pushing the envelope of standardization efforts such as minCIF [Westbrook & Bourne, 2000].
Providing integrated and uniform access to these databases has been a serious research challenge. Several ef-
forts [Critchlow et al., 2000. Haas et al.. 2001. Goble et al., 2001, McGinnis, 1998, Siepel et al., 2001. Davidson et al.. 1999]
have sought to alleviate the interoperability issue. by translating queries from a uniform query language into the
native query capabilities supported by the individual data sources. Typically. these previous efforts address the
interoperability problem from a digital library point of view. i.e.. they treat individual databases as well-known
sources of existing information. While they provide a valuable service. due to the growing rate of scientific dis-
covery. an increasing amount of new information (the kind of hot-off-the-bench information that scientists would
be most interested in) falls outside the capability of these previous interoperability systems or services.

In this paper. we address the problem of providing automated or semi-automated access to new information
that has just become available. sometimes by changing the representation format of an existing database. The
lag between the discovery and making the information available is primarily due to the human intervention



needed to translate the new information either to an existing database format, or to augment a database with
new formats or fields. We believe that the increasing rate of scientific discovery and publication will make this
problem increasingly serious, since more databases will be augmented more frequently, or new databases will be
created to publish the new information.

We have described the BioZoom query routing scheme for providing fast access to the growing new information
that remains elusive with the current technology. The main contribution of the paper is the application of the
concepts and techniques called query routing to increase the degree of automation in new information access and
to reduce the amount of unnecessary delay due to contacting sources that cannot contribute to given queries.
Query routing uses metadata. called source-capability profile, to support dynamic matching of each query with
the information sources that are relevant to, and capable of. responding to that query. By updating a source
profile, new information or capabilities of the source are immediately accessible by queries processed through
query routing. Furthermore, addition of new bioinformatics data sources and capabilities can be dynamically
incorporated into the subsequent execution of queries. The main thrust of our query routing scheme is its
intelligent souice selection powered by the source-profile based multi-level progressive pruning strategy. Our
initial experiments show the increased benefits of query routing as the number of data sources available to a
query increases.
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Source 1: NCBI BLAST

Category: Protein and nucleotide similarity search; Content: sequence(s), database = {Drosophila, est_.human, ...}
Query Capabilities: {protein_sequence(s,p),nucleotide_sequence(s,n), database(s, db), searchiype(s,t)},
{similar_sequence(s, sim), alignment(s, a), sequence_id(s, id)},

{(protein_sequence(s,p) A database A searchtype = (blastp V blastz V tblastz))V

(nucleotide_sequence(s,p) A database A searchtype = (blastn V tblastn))} .

Mirrors:Austrailia, China, Japan, Korea, Malaysia, Singapore, Thailand, USA

Source 2: KEGG

Category: Protein similarity search; Content: sequence(s), database = { Drosophila melanogaster, Homo sapiens, ...

Query Capabilities: {protein_sequence(s,p), nucleotide_sequence(s,n), database(s, db), searchtype(s,t)},
{similar_sequence(s,sim), alignment(s, a), sequence_id(s,id)}

{(protein_sequence(s,p) A database A searchtype = blastp)V

(nucleotide_sequence(s,p) A database A searchtype = blasin)} .

}

Source 3: PDB

Category: Protein structure search; Content: structure(t) { All known protein siructures}

Query Capabilities: {proteinsequence(t, sq), pdb-id(t,id), title(t, tt)},

{pdbd(t,id), trtle(t, it), sequence(t, sq), classi fication(t, ¢), compound(t, cmpnd), structure(t, st)},
{proteinsequence(t, sq) V pdb.id(t,id) v title(t, tt)}

Mirrors: San Diego Supercomputer Center; Rutgers University; National Institule of Standards and Technology;
Cambridge Crystallographic Data Centre, UK; National University of Singapore; Osaka University, Japan;
Unwersidade Federal de Minas Gerais, Brazil; Bio Molecular Engineering Research Cenler, Boston University
Brookhaven National Laboratory ...

Source 4: VAST

Category: Protein structure similarity search; Content: siructure(t), database = (non-redundant PDB, or full PDB)
Query Capabilities: { PDB_file(t, pdb_f), XPLOR_PDB_file(t,zplor_pdf_f), C NS_deposit_file(t, cns.deposit_f), },
{sequence(t, sq), structure(t, st)},

{PDB_filev X PLOR_PDB_file V CNS._deposit_file}

Source 5: PubMed

Category: Biomedical literature; Content: Ariicle(a)

Query Capabilities: {author(a,u), title(a, t), keyword(a, k), pubmed_id(a, id)},

{author(a,u), title(a, t), journal(a,j), pub_year(a, y), volume(a, v),issue(a, i), pages(a, p), pubmed_1d(a, id)},
{author(a, k) V title(a, t) V keyword(a,k)}.

Source 6: Old MEDLINE

Category: Biomedical literature; Content: Article(a), pub_year(a,y) Ay < 1965

Query Capabilities: {author(a,u), title(a,t), keyword(a, k), pubmed_i1d(a,1d)},

{author(a, u), trtle(a, t), journal(a, j), pub_year(a, y), volume(a, v}, issue(a,1), pages(a, p), pubmed_1d(a,id)},
{author(a, k) Vv title(a, t) V keyword(a, k)}.

Source 7: GenomeNet (Japan)

Category: Motif Search Content: Motif(f); database = (Vertebrates, Virus, Insects, Plants, Bacteria,Fungi, Nemalodes),
search_type = ( Prosite Pattern, Prosite Profile, BLOCKS, ProDom, PRINTS, Pfam)

Query Capabilities: {sequence(f,s),database(f,db)},

{exzpectation(f,e), probability(f,p), description(f,d)},

{sequence(f,s) A database(f, db) A search_type(f,srcht)}.

Source 8: Stanford Motif search

Category: Motif Search Content: Motif(f); database = (BLOCKS+ and PRINTS , non-biased BLOCKS+ and PRINTS)
Query Capabilities: {sequence(f, s), database(f, db)},

{expectation(f,e), probabulity(f,p), description(f,d)},

{sequence(f, s) A database(f, db)}.

Source 9: KEGG Motif

Category: Motif Search Content: Motif(f); database = (D.melanogasier, E.coli, H.sapiens ...), Prosile palterns
Query Capabilities: {sequence(f, s), database(f, db)},

{expectation(f, e), probability( f, p), description(f,d)},

{sequence(f,s) A database(f,db)}.

Source 10: fatbrain.com Book Store Database

Category: Technical Book Store (includuing biotech books); Content: Book(b);
Query Capabilities: {title(b,t), authors(b,a)},

{title(b, 1), authors(b, a}, publisher(b, pub), year(b, y), price(b,p),isbn(b,n)},

{title(b, t) V authors(b,a) V isbn(b,n)}.

Figure 4: A sketch of source capability description of example data sources
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